The structured description of mutant phenotypes presents a major conceptual and practical problem. A general model for generating mouse phenotype ontologies that involves combing a variety of different ontologies to better link and describe phenotypes is presented. This model is based on the Phenotype and Trait Ontology schema proposal and incorporates practical limitations and designing solutions in an attempt to model a testbed for the first phenotype ontology constructed in this manner, namely the mouse behavior phenotype ontology. We propose the application of such a model could provide curators with a powerful mechanism of annotation, mining and knowledge representation as well as achieving some level of free text disassociation.
Introduction
With the advent of functional genomics, the types and amounts of data that need to be stored in databases has changed both quantitatively and qualitatively. In particular, many types of information that were previously collected on an ad hoc basis now need to be stored in a more structured manner. Furthermore, as additional data sets (such as those for gene expression, proteomics and protein-protein interactions) grow in complexity and size, biologists and bioinformaticians are being faced with an increased demand for the construction of queries across these large, diverse datasets. For example, given a gene that was detected to be overexpressed in a microarray experiment it might be of interest to ask whether it was associated with an N-ethyl-N-nitrosourea (ENU) mutant, and whether that ENU mutant had a phenotype that resembled a human disease. It might also be useful to know if the function of the gene, or any homologues, was known, and whether a protein structure for any one of them had been determined.
A number of laboratories worldwide are now carrying out detailed analysis of mouse phenotypes that have been generated from the large scale ENU mutagenesis of the mouse genome. Description of mouse phenotypes has not traditionally adhered to pre-defined rules or been recorded in databases but a number of requirements are now driving the developments of such databases, including the requirement to share data from high-throughput screens (such as ENU mutagenesis) and the need to record data in a paperless environment in modern experimental facilities. Here we describe attempts to develop ontologies to aid in the description and mining of mouse phenotype data and make some suggestions, which have more general applications, concerning the ways in which ontologies might be combined to facilitate reasoning with data representing complex domains of knowledge.
Mouse Phenotype Ontology
The description of (mutant) phenotypes presents a major conceptual and practical problem. Currently ontological description of phenotypes are mostly linked to individual species databases and have evolved in necessary ad hoc manner. We note here that similar efforts described later are currently being made to describe phenotypic instances in different species [1] . Conceptually, the description of phenotypes requires combinations of orthogonal ontologies with the ability to correlate factors depending on experimental values. Practically, if the data are to be efficiently analysed computationally, then there is a need for consistency between expressions in different phenotypic domains as well as different species. The term "phenotype" can adopt a variety of definitions depending on different fields in biology, and indeed on different researchers in those fields. It may be taken to mean anything from the complete set of phenotypic attributes (traits) that describe an individual to a single phenotypic attribute that distinguishes an individual from other, "normal" individuals. The details of the use of terminology can be divorced from the ontological structures used to describe phenotypic descriptions.
In February 2002, Ashburner proposed a schema (PATO) [1] that could provide a platform of consistent representation of phenotypic data. According to this schema, "phenotypic data can be represented as qualifications of descriptive nouns or nounal phrases" [1] . For each noun there will be a set of relative attributes defining a set of appropriate values. The use of these three semantic classes (namely nouns, attributes and values), plus the assays by means of which the phenotypes were determined and the conditions (MGED [2] ), both environmental and genetic, under which these assays were performed, will form the basis for the systematic description of phenotype. Figure 1 presents an adaptation of the proposed schema [1] , and an example of its application. Its simplicity could provide a common interface upon which to model all phenotype ontologies. Although, from an ontological point of view, its complexity could escalate, this schema provides a firm basis for generating consistent expression of phenotypic data.
Such a schema could provide not only a sophisticated representation of knowledge but also, and perhaps more importantly, an efficient means to annotate and analyse phenotypic data. One can envisage applications that would allow the generation of powerful and advanced ways of searching, retrieving and performing added value mining operations in a particular field and across different domains. The particular domain of our interest, the mouse phenotype ontology, should comprise of at least the following:
• Anatomy -The Anatomical Dictionary for the Adult Mouse [1] known mouse pathologies hierarchically organised as "instances of" pathological processes. [7] • Gene Ontology -GO describes the roles of gene products and allows genomes to be annotated with a consistent terminology (The Gene Ontology Consortium 2002) [8] • others ….
These orthogonal ontologies can be combined with PATO to provide phenotypic instances. Generated instances could then be linked to provide individual phenotypes.
Generation of such a combination of ontologies [10] needs to be done collaboratively within the community. Associating concepts with their attributes and values is not an easy task. More often than not, the distinction between these terms is difficult and subjective. Therefore, domain expert knowledge is essential.
We chose to model the behavioral phenotype ontology as a testbed for subsequent parts. We intend to use domain experts' knowledge available to us through EUMORPHIA [9] , a European program that we are part of, and collaborate with the Jackson Laboratory [4] . Here, we present our methodology findings, our adaptation schema and raise some modeling issues.
Methodology

Tools Summary
Several tools exist for modeling and building ontologies. Below a small selection is listed, although comprehensive evaluations have been given elsewhere [11, 12, 13, 14] .
• DAG-Edit [15] provides an interface to browse, query and edit GO or any other vocabulary that has a DAG data structure • GKB-Editor [16] (Generic Knowledge Base Editor) is a tool for graphically browsing and editing knowledge bases across multiple Frame Representation Systems (FRSs) in a uniform manner • OilEd [17] is an ontology editor allowing the user to build ontologies using DAML+OIL • OpenKnoME [18] is a complete GRAIL knowledge management and ontological engineering environment • Protégé-2000 [19, 20] is the most widely known and used tool for creating ontologies and knowledge bases.
• WonderTools [21] is an index with the objective of supporting a decision in selecting an ontology-building tool • WebOnto [22] is a Java applet coupled with a customised web server which allows users to browse and edit knowledge models over the web
Since current versions of DAG-edit do not support slots (although a version supporting slots is very close to being released) we have chosen Protégé-2000, which was developed in the Musen Laboratory at Stanford Medical Informatics. Protégé incorporates modeling features such as multiple inheritance, relation hierarchies, meta-classes, constraint axioms and F-Logic. It is written in Java and is well supported with frequent updates and plug-ins for several options (consistency checks, graphical viewing ontology merging etc.). It supports several formats such as RDF(S), XML, RDB, DAML+OIL.
Knowledge representation languages
A variety of languages can be used for representation of conceptual models, each with different expressiveness, ease of use and computational complexity [23] . Extended comparisons and evaluations have been discussed in detail elsewhere [24] , and although the complexity of our current models can be described with existing tools, it should be noted that in the future, upon dealing with more complex phenotype domains, requiring different levels of constraint and expression of relationships varying in complexity, a migration to a finer grained conceptualization will be necessary. Indeed, such approaches have been described in the Gene Ontology Consortium [25] and elsewhere [26] .
Translation of existing ontologies into Protégé-2000
Since most of the ontologies we are planning to use were generated using DAG-edit [18] we had to convert them in the Protégé-2000 format, a frame based system, using the tools [27] written in Java and the methodology as described by Yeh et al [27] with minor modifications to the code. Yeh et al presented a method for knowledge acquisition, consistency checking and concurrency control for Gene Ontology based on Protégé-2000 [27] .
Metaclasses and Metaslots
We have modeled the converted ontologies such as the anatomy ontology into Protégé-2000 metaclasses, including GO attributes such as name, database references, synonyms and IDs. Protégé allows only is-a relationships to form the class hierarchy so part-of relationships were modeled as slots, as discussed elsewhere [27] It should be noted that care should be taken when new attributes are created. PATO should hold general attributes that can be applied through different phenotypic ontologies and attributes specific to classes should be assigned only when they cannot be modeled with existing options.
A typical example of implementation
PATO's main advantage is the ability to allow expressions of phenotypic ontologies based on concept relations rather than instances. Using PATO, the ontology can constrain relationships and values for expressing phenotypic instances without the need of assigning the latter. Below is an example of a Behavior class called Feeding Behavior, a subclass of a class named Feeding and Drinking Behavior, (present in both GO [8] and the MGI Mammalian Phenotype Ontology [6] ). The example also shows how the Mammalian Phenotype Ontology could possibly be linked to PATO.
Based on this schema one can express a variety of phenotypic data such as preference of cookies versus sausage with a consumption of 40 gr. in a 24 hour period. The ability to interchange use of absolute and relative values combined with different attributes allows the ontology to model and express all possible combinations of phenotypic data for that particular class. 
Proposed New Schema
Upon implementation of the schema, we discovered certain modeling and practical limitations. In order to address these, we introduced an alternative version of the schema as presented in Figure 2 . As far as this schema is concerned, a phenotype can be described with the combination of two parts. The phenotypic attribute and the assay.
Phenotype = Phenotypic Attribute + Assay
The phenotypic attribute includes the core ontology concepts plus the associated attributes.
Phenotypic Attribute = Core Concept + Attribute (PATO)
Concept
(eye) Attribute (PATO attribute) [1] (has_color) Figure 2 . Alternative version of the schema So in the example of Table 1 , the phenotypic attribute would be the class Feeding Behavior plus any associated attributes such as attribute:food_discrimination or attribute:food_consumption etc. In order to reconstruct the phenotype one must take into account the Assay that will dictate, control and define any associated values, their units, their definition and the manner they could be assigned to that particular phenotype. In the case of lack of such assays, for example when a phenotype is assigned with visual inspection and no controlled assay is involved, the phenotypic attribute could take its value from a logical assay such as the common values that PATO provides. In this schema, the Assay plays a very important role in controlling the relationship between the attribute, the concept and the values. Beside the practical implementation advantages, discussed in section 5, we note here that it is also conceptually valid, since PATO in itself is a form of a logical assay, as created by its curators. Since in phenotypic knowledge domains, such as the mouse behavior ontology, many values are only speculative interpretations of the assay (i.e. learning and memory assays) it is important for the values to be linked directly to the assays (that describe their interpretation) in order for them to have a sensible meaning. The slot termed Free Text is included to capture knowledge that cannot be expressed in the ontology, which is both practical and necessary. This will allow curators to express knowledge, which although it will not be available for advanced computational operations, can still be used via traditional operations, such as free text searching. The advantages of such schema are considerable. Firstly, by having the Assay ontology to constrain and define the values, these values can be constrained further through the class hierarchy rather than in individual instances. This, as the PATO ontology grows to cover individual domains, would become an important factor in maintenance, consistency, scalability etc. It will also allow us to restrict the values that an attribute can take without asking the data to be input and then referring back to information on the assay to check them. Furthermore, if the phenotypic attribute is disassociated from individual (less common) values, it is not necessary for it to constrain their range, definition, units or general metadata, which is in itself an almost impossible task. This schema also implies that labs using different assays (and more often than not, different values and scoring systems) can associate their results with the preceding part of the hierarchy (phenotypic attribute) by implementing a particular assay ontology (which they might get off the self or develop themselves). The advantage of this is that such procedures are good for scientific autonomy and moreover will allow more stable versions of PATO and reduce maintenance costs for both parts (namely, PATO and individual phenotype ontology curators). It should also be noted, that if values are linked directly to attributes, it will be much more complicated (requiring the use of instances) to assign what assays are allowed for common attributes. For example, abnormal would be a common value for most, if not all, attributes. Linking this value to assays used to determine it would require the generation of a new instance (and ids) that would hold the phenotypic attribute plus the value.
Finally, from a data collection and electronic recording perspective, it would be much easier for institutes to work from the assay, which does not require a general comprehension of the domain, in order to populate their knowledgebase. In the case of the EUMORPHIA project [9] (taken as an example), whose aim is to produce a standardized set of phenotyping protocols, it would be possible to develop a freestanding database based on the standard protocols (along with their values) it produces and associate these with related phenotypic attributes to produce description of phenotypic data.
Conclusions
We have proposed, presented and analyzed a general model for building mouse phenotype ontologies. We have highlighted some technical aspects and given general modeling directions. We believe that the idea of creating universal attributes applicable across domains using common application models, will present a powerful and meaningful way of achieving consistency in phenotypic data expression. This has the potential to solve current problems, faced by most databases, of expressing mutant phenotypes, currently described by free text. We are currently in the process of assessing the scalability and versatility of this approach to cope with complex phenotypic data.
In order to take advantage of the large amount of data that is continuously increasing and the particularities of each database and format, there is a need for facilities instigating human and machine-understandable data accessible and processable by humans and automated tools. The vision of a Semantic Web [28] , as proposed by Tim Berners-Lee [29] , will be realised by data used not only for display purposes but for automation, integration and reuse across various applications [30] . Achieving even partial disassociation from free text generates enormous computational and conceptual potential.
